Recently, a population-based intelligent optimization algorithm research has been combined with multiple algorithms or algorithm components in order to improve the performance and robustness of an optimization algorithm. This paper introduces the idea into real world application. Different from traditional algorithm research, this paper implements this idea as a general framework. The combination of multiple algorithms or algorithm components is regarded as a complex multi-behavior population, and a unified multi-behavior combination model is proposed. A general agent-based algorithm framework is designed to support the model, and various multi-behavior combination algorithms can be customized under the framework. Then, the paper customizes a multi-behavior combination algorithm and applies the algorithm to solve the economic load dispatch problems. The algorithm has been tested with four test systems. The test results prove that the multi-behavior combination idea is meaningful which also indicates the significance of the framework. Energies 2019, 12, 2175 2 of 22 2.3.2. Competitive Strategy The competition strategy means that multiple behaviors compete with each other and decide the winner. The winner would acquire more resources as the reward. The competitive resource of the individual level combination is the number of individuals, and the resource of the iteration Energies 2019, 12, 2175 6 of 22
Introduction
Many real-world problems can be modeled as optimization tasks. It is an important solution to solve the optimization problem with the population-based intelligent optimization algorithm such as evolutionary computation, swarm intelligence.
In the early stage, population-based intelligent optimization algorithms tend to be concise, and population intelligence is acquired through the simple behavior of individuals. However, some of the optimization problems in the real world are more complicated, and the existing algorithms may reflect their shortcomings. Economic load dispatch (ELD) is a typical optimization problem in power systems. The goal of ELD is to rationally arrange the power output of each generating unit in a power plant or power system so as to minimize fuel costs on the premise of system load and operational constraints. Due to the valve point effect of the thermal generating unit and the operational constraints, ELD problem presents non-convex, high-dimensional, nonlinear and discontinuous characteristics, which make the problem complicated. As the scale of the power system increases and the model for the problem becomes more sophisticated by considering more conditions, the optimization task becomes more difficult. In recent years, population-based intelligent optimization algorithms have been applied to solve ELD problems. Early research directly adopted classic intelligent optimization algorithms such as the genetic algorithm (GA) [1], particle swarm optimization (PSO) [2, 3] , or evolution programming (EP) [4] . There are also some studies that improve the classical algorithm for the ELD problem, such as an improvement for GA [5, 6] , quantum PSO (QPSO) [7] , new PSO with local random search (NPSO-LRS) [8] , distributed Sobol PSO and TSA (DSPSO-TSA) [9] . The new algorithms proposed in recent years have also been applied to ELD problems, such as ant colony optimization (ACO) [10] , differential evolution algorithm (DE) [11] , artificial immune system (AIS) [12] , modified artificial bee colony (MABC) [13] , improved harmony search (IHS) [14] , tournament-based harmony search (THS) [15] , biogeography based optimization (BBO) [16] , chaotic teaching-learning-based optimization with Lévy flight (CTLBO) [17] , grey wolf optimization (GWO) [18] . Additionally, hybrid optimization algorithms have also been proposed by the combination of multiple intelligent optimization algorithms or algorithm components to deal with the ELD problem, such as a hybrid PSO (HPSO) [19] , modified TLA (MTLA) [20] , DE-PSO method [21] , differential harmony search algorithm [22] , hybrid differential evolution with biogeography-based optimization (BBO-DE) [23] .
The current research on population-based intelligence optimization algorithms presents a new trend. Novel algorithms proposed recently tend to be complicated, such as simulating the more complicated biological population, natural phenomena, or social organization. A population no longer simply adopts one behavior; conversely multiple behaviors are performed during the search process. In [24] [25] [26] [27] , individuals play different roles in the population and perform different behaviors; in [28] [29] [30] , the population performs different operations step by step during the process of completing the optimization task; or the search process is divided to different stages and the behavior of the population is different in stages [25] . In conclusion, the research direction of the current new algorithm is to use complex mechanisms to deal with diverse and complex real-world problems.
On the other hand, the researchers try to improve the algorithm through the combination of multiple algorithms or algorithm components with different characteristics. Because the algorithms or components of different characteristics may be suitable for different problems, the robustness of the algorithm may be improved; furthermore, the combination of algorithms with different characteristics is likely to complement each other and get better results. Therefore, an ensemble of multiple algorithms or algorithm components could make the optimization algorithm particularly efficient for complicated optimization problems [31] .
Some studies combine multiple search operators in an algorithm. In the literature [24, 25, 27, 28] , different search operators are switched with specific probabilities. Some studies execute the operators in the specific order [29] . In [32] , several operators are all calculated and the results with good fitness are selected. In the research of differential evolution algorithms, a variety of mutation operators are proposed, and the research on adaptive ensemble of multiple mutation operators has attracted the interest of researchers [33] [34] [35] [36] [37] . Some studies have further explored the combination of multiple crossover operators and multiple mutation operators in differential evolutionary algorithms [38] . In addition to differential evolution algorithms, there are also studies on ensembles of multiple search operators based on other algorithms, such as based on PSO [39, 40] , ABC [41] , BBO [42] , TLA [20] . There are also studies on ensemble of other algorithm components, such as individual topology [43, 44] , constraint processing components [45] . In addition to the combination of algorithm components, there are also studies with algorithm-level combinations which directly combine or adaptively select different algorithms [46, 47] .
From the current research on the improvement of the existing algorithms or new algorithms, it seems that an important trend is to combine multiple search behaviors, and construct high-level population running mechanisms. Therefore, in this paper, we introduce the idea of algorithm combination into application practice. Different from the traditional algorithm design, this paper focuses on the ideas and methods of algorithm combination and implements it as a general framework. Because no free lunch theorem [48] indicated that no matter how the algorithm improves, it is impossible to be better than all other algorithms on all problems. Therefore, an algorithm designed for a problem may be not suitable to another problem. The researchers maybe need to design corresponding optimization algorithms for each type of optimization problem. Thus, a flexible framework may be useful since various algorithms (components) can be combined and different combination modes and strategies can be adopted, which can bring diversity for algorithm design.
We adopt the idea of multi-behavior combination and proposed a unified multi-behavior combination model. Then, an agent-based framework is designed to support the model. The framework has the following three functions: (1) the existing algorithms and techniques can be extracted and reused as multiple behaviors; (2) the performance of the algorithm can be improved through the appropriate multi-behavior combination; and (3) through the framework technology, the corresponding combination algorithm can be customized for specific problems. At last, we customize a multi-behavior combination algorithm for the power system economic load dispatch problems. The test results show the effectiveness of the multi-behavior combination algorithm and the feasibility of the framework.
The remainder of this paper is organized as follows. Section 2 defines an intelligent optimization algorithm combination model based on the idea of multi-behavior combination. Section 3 gives an agent-based general framework for the model. Section 4 defines the ELD problem, and gives our algorithm customized with the framework. Section 5 gives the test with four classical ELD cases. Finally, Section 6 presents the conclusions.
A Unified Multi-Behavior Combination Model for Intelligent Optimization Algorithm
The ensemble of multiple algorithms or multiple algorithm components is a research hotspot of intelligent optimization algorithms. In this paper, we try to give a general algorithm combination framework which is hoped to support various algorithm combination mode. Since both algorithm and algorithm component represent specific search behaviors, this kind of research tries to introduce different behaviors in the search process of population. Therefore, this paper analyzes the characteristics of the population-based intelligent optimization algorithm in order to determine the unified multiple-behavior combination model.
Multi-Behavior Combination
Any population-based intelligent optimization algorithm requires a population with multiple individuals. The algorithm needs to perform iteration in the search process. The individual of the population evolves according to the algorithm mechanism in each iteration. Some algorithms simulate complex multi-population model, and multiple populations coexist and communicate by specific communication mechanisms. Therefore, a population-based intelligent optimization algorithm can be considered as a three-dimensional model, as shown in Figure 1 . We consider the population-based optimization algorithm to be a three dimensional structure: x-dimension, y-dimension, and z-dimension; where x represents the individual dimension of the population, y represents the iterative dimension of the loop, and z represents the parallel population dimension. The x-y forms an algorithm plane that can search independently. Multiple algorithm planes are parallel on the z-dimension and influence each other by exchange individuals. A simple algorithm degenerates to a point in the z-dimension, meaning a single population, and has the same behavior in both the x-and y-dimensions, representing that the algorithm has only one behavior. Current algorithm research tends to improve algorithm performance and robustness through a combination of multiple behaviors. From the three-dimensional model, it can be seen that each dimension can be combined with different behaviors, and a combination of behaviors in different dimensions contains a different optimization idea that should bring different effects. This article divides the multi-behavior combination into three levels:
(1) Individual level: the combination of multiple behaviors at individual level refers to that individuals of a population may have different behaviors. Each individual selects a specific behavior according to certain rules. Individual level combination is a combination of ways to bring richer behaviors in a population and can make the entire population more diverse. (2) Iteration level: the combination of multiple behaviors at iteration level means that different evolutionary generations may use different behaviors during evolutionary process. The multiple behaviors can be related to different stages according to their evolutionary state, or be executed alternately. (3) Population level: the combination of multiple behaviors at the population level means that each sub-population may have its own behavior. In this combination, each sub-population is independent, and a sub-population communication mechanism is needed. 1) Individual level: the combination of multiple behaviors at individual level refers to that individuals of a population may have different behaviors. Each individual selects a specific behavior according to certain rules. Individual level combination is a combination of ways to bring richer behaviors in a population and can make the entire population more diverse. 2) Iteration level: the combination of multiple behaviors at iteration level means that different evolutionary generations may use different behaviors during evolutionary process. The multiple behaviors can be related to different stages according to their evolutionary state, or be executed alternately. 3) Population level: the combination of multiple behaviors at the population level means that each sub-population may have its own behavior. In this combination, each sub-population is independent, and a sub-population communication mechanism is needed.
Behavior
Different algorithms or algorithm components are used to represent particular behaviors. The combination of multiple behaviors can be a combination of algorithms or algorithm components. Algorithm component is constituent element of the algorithm. For multi-behavior combination, it is necessary to extract the behavior pattern from the algorithms in unit of one iteration which we called the operator of an algorithm. Since the algorithm is a population-based algorithm, the core operator is individual (population) evolution operator, which represents an evolutionary behavior from the parent individuals (population) to the child individuals (population). Some algorithms can be further decomposed to extract the auxiliary operators, which are the certain technological elements of an algorithm such as parameter control strategy, constraint processing technology, etc., and can also be used as the combination elements. This paper categorizes the behaviors into the following six types of operator:
(1) Individual (population) evolution operator: individual (population) evolution operator is the core operator of various algorithms. Most algorithms are based on individual evolution, and a small number of algorithms are the overall population evolution, such as CMA-ES [49] . The operator directly operates on the individuals or population to generate the offspring. (2) Parent individual selection operator: the parent individual is the individual which applies in individual evolution operation; therefore, it is an auxiliary operator for an individual evolution operator, such as random selection, selection based on individual topology, selection based on fitness, selection based on distance, etc. 
(1) Individual (population) evolution operator: individual (population) evolution operator is the core operator of various algorithms. Most algorithms are based on individual evolution, and a small number of algorithms are the overall population evolution, such as CMA-ES [49] . The operator directly operates on the individuals or population to generate the offspring. (2) Parent individual selection operator: the parent individual is the individual which applies in individual evolution operation; therefore, it is an auxiliary operator for an individual evolution operator, such as random selection, selection based on individual topology, selection based on fitness, selection based on distance, etc. (3) Population selection operator: the operator selects the individuals entering the next generation between the parent population and the offspring population. A variety of population selection strategies have been adopted in the algorithms. The PSO algorithm directly uses the offspring population as the next generation population, the DE algorithm adopts the binary selection, the GA adopts the fitness-based selection, and some studies improve the population selection with considering the diversity. (4) Parameter control operator: the parameter control operator is used to set the parameter values of the algorithm. The parameter control operator also acts as a behavior because different parameter values can cause different search trajectory. The current research has proposed a variety of parameter control strategies. Some algorithms use fixed parameters, and some use only simple strategies, such as random values, descending linearly by evolution generation. Some studies proposed adaptive parameter control strategies. Some of these strategies are general and can be extracted as operators. (5) Population size control operator: population size is also a parameter of the algorithm, but it has great difference from the operation related parameters. It can also affect the population behavior. Thus, population size control strategy can also be extracted as an operator. (6) Constraint processing operator: the population-based intelligent optimization algorithm is suitable for solving single-object unconstrained (boundary constraint) optimization problems. Additional mechanisms are needed for constraint processing when solving constrained optimization problems.
The most straightforward approach is to discard the infeasible solution, but this approach may lose performance, because infeasible solutions also carry valid information, and when the search space is not continuous, the intelligent optimization algorithm may fall into local extrema. Therefore, some studies explore constraint processing techniques. Generally, constraint processing occurs at the population selection step, therefore, it can be embedded into the population selection operator to construct the constraint-based population selection operator.
The multi-behavior combination can be an ensemble of multiple individual evolution operators, or multiple auxiliary operators, or an ensemble of multi-type multiple operators.
Combination Strategy
In addition to three combination modes, a combination of multiple behaviors also needs to establish corresponding combination strategies. For individual level combination, each individual's behavior is needed to be determined; and for the combination at iteration level, each evolutionary generation is needed to determine the behavior for it; and the combination at population levels should determine sub-population behavior, and establish sub-population communicate mechanism. In this paper, we adopt the reverse thinking to take the behavior as the core. For an ensemble of behaviors, if individual level combination is used, individual groups should be determined for each behavior, including group size and grouping methods; if an iteration level combination is used, evolutionary generations should be determined for each behavior; and if population level combination is used, sub-population (is also an individual group) should be determined for each behavior including communication mechanism. Thus, each behavior has its individual group, evolutionary generations, and change strategy. Thereby, the behavior combination can be unified in a general framework. The combination of multiple behaviors can be in a competitive or collaborative manner.
Collaborative Strategy
The collaborative strategy means that the related behaviors have a cooperative relationship, that they will support each other. The collaborative relationship is generally pre-customized, and the goal of collaboration is achieved through different search characteristics of multiple behaviors. Therefore, according to the behavior characteristic, the individual group, or generations, or communicating mechanism can be defined under specific combination mode. The communication mechanism of individual groups can be re-grouping (which is more suitable for individual level combination), or migrating and mixing individuals between different individual groups (which is more suitable for population level combination). level combination is execution probabilities. The population level combination is generally suitable for the collaborative strategy, but the sub-populations can also compete for the amount of communication resources.
Although the resources to be competed are different, they can be unified. We define the resources for competition as probability, that is, the resource occupancy rate of each behavior. It is defined as a vector P = {P 1 , P 2 ,... P m }, m is the number of behaviors, and P i is the resource occupancy of the ith behavior, 1 ≤ i ≤ m. The basis of the competition strategy is the evaluation model of behavior. Define evaluation model data for all behaviors as a vector soState = {soState 1 , soState 2 , . . . , soState m }, soState i is the model score for the ith behavior, and soState best is the score for the optimal behavior. The paper gives two competing strategies, one is a full-competitive strategy and the other is a semi-competitive strategy. The full-competitive strategy maximizes the resources of the excellent behavior set, and the definition of the excellent behavior set is shown in Equation (1), P i is adjusted according to Equations (2) and (3) [50], rate is the maximum adjustment ratio.
The semi-competitive strategy defines a base ratio vector P base = {P base,1 , P base,2 ,.., P base,m }, and P base,i defines the resource ratio that the ith behavior at least occupies. The remaining ratios are proportionally assigned based on the model scores of the behaviors. The adjustment method of P i is as follows:
Evaluation Model
Two kinds of evaluation may be needed in the process of behavior combination. One type of evaluation is to evaluate the population in order to understand the evolution state and select the appropriate algorithm. The other type of evaluation is the evaluation of behavior since the optimization performance of each behavior needs to be known for the competitive strategy. It may be necessary to decide which behavior is the winner based on the relative performance of multiple behaviors. Both types of evaluation are judged according to the population. Various evaluation mechanisms are established through the relevant information of the parent population and its offspring population. We divide the evaluation mechanism into two categories:
Fitness Based Evaluation
The evaluation mechanism based on fitness is a more intuitive evaluation mechanism. Obtaining the optimal fitness is the goal of the algorithm. Therefore, the fitness evaluation mechanism is suitable for evaluating the performance of the behavior.
(a) Success rate (SR). The SR refers to the successful improvement rate for offspring to parent population. It is as follows:
where NP is the individual number of the population, SI is the set of individuals which enter the next generation from offspring population, and |SI| means the individual number of SI. (b) Successful individual fitness improvement mean (SFIM). The SFIM is a mean value for all successful individual. If the population selection operator is binary selection as DE used, it can be computed as Equation (7). If the population selection operator is not binary selection, the Equation (8) can be used.
where ∆f k is the fitness improvement value of the offspring individual u k,g to the parent individual x k,g . f is the fitness function (objective function), SI has the same meaning with Equation (5), and PI is the set of parent individuals being replaced.
Evaluation Based on Other Information
Although the evaluation mechanism based on fitness is the most direct and effective method, it lacks other state information of the reference population. Considering the population performing the optimization as a stochastic system, information entropy can be used to evaluate the state of the population. Information entropy can be seen as a measure of system ordering, and the changes in entropy can be used to observe changes in populations. We also adopt an evaluation model based on information entropy measurement in the target space. The information entropy for discrete information is shown as follows:
where n represents the number of discrete random variables, and p i represents the probability of the ith discrete random variable, p i ∈ [0,1], and p 1 + p 2 +...+ p n = 1. Let NP to be the individual number of the population, and the maximum and minimum objective values of the population are f min , f max . Divide [f min , f max ] in the target space into NP sub-domains as the NP discrete random variables. Then p i is the individual percentage of the ith sub-domain.
where c i represents the number of individuals with objective values in the ith sub-domain. H is the information entropy of the population representing the population diversity.
According to the multi-behavior combination model, a multi-behavior combination algorithm can be defined according to Table 1 . 
Agent-based General Algorithm Combination Framework
In order to customize the multi-behavior combination algorithm conveniently, the model needs to be designed as a framework. In this section we construct an agent-based general framework.
First, an operator component library is built for the operators that represent various candidate behaviors. The core of the framework is to construct the search agent which represents a behavior in runtime. Multiple behavior set are expressed by a search agent list. Therefore, operators that implement a behavior are encapsulated in a search agent. Each search agent is autonomous and can perform the search in a centralized or distributed environment independently. The combination of algorithms or combination of operator components is transformed into a combination of search agents. Multi-behavior combination is modeled by a combination agent which describes the combination scheme and determines the execution logic in order to schedule the search agents. The combination component library includes some related combination modes and strategies. A multi-agent system environment is defined for information exchange among search agents, including the entire population information, general settings of algorithm, information communication region. The framework structure is shown in Figure 2 .
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Search Agent
Each search agent represents a behavior that can search independently, and therefore, it is an iterative unit of a complete algorithm. It contains the information needed by a complete algorithm, and is defined as a five-tuple: SAinfo = (AlInfo, GroupInfo, RuntimeInfo, OffspringInfo, ModelInfo)
• AlInfo is a data structure for algorithm information. The algorithm information describes its corresponding operator combination. The individual evolution operator is the core operator. According to the core operator, the auxiliary operators (parent individual selection operator, the population selection operator) are selected if needed, then the parameters of the algorithm can be determined, and the parameter control operator can be selected.
• GroupInfo is a data structure for individual group information. It means the population of an algorithm, including the group size, individual set, individual type.
•
RuntimeInfo is a data structure for runtime information. Runtime information comes from the algorithm running process, because some information should be retained during the iteration. Various operator components may require their specific information; thus, the related runtime information structure is constructed when the operator component is executed for the first time.
OffspringInfo is the result of search behavior, and it represents the set of offspring individuals.
ModelInfo is the evaluation data of the behavior. It is a vector including one or more selected evaluation models from {SR, SFIM, Entropy}.
A single-step search behavior is defined to enable the search agent to run step by step. The algorithm is identical for all search agents, and the difference is the operators and group. The algorithm is showed in Algorithm 1. 
Combination Agent
The combination agent includes the data structure for describing the combination scheme and the algorithm for executing the combination mechanism. Each search agent represents a specific behavior. The combination scheme defines the combination mode and combination strategy for multiple behaviors (multiple search agents). In the framework, we predefined three basic combination modes as {individual level combination, iteration level combination, population level combination}. Each combination mode needs to define its population grouping strategy and execution strategy, which determines the individual group and execution manner for all search agents in a combination mode. The predefined strategies are shown in the Table 2 and are supported by the combination component library which includes the three combination mode components, grouping components, competitive strategy components, group communication components. The flow chart of three combination mode components in one iteration is shown in Figure 3 . It can be seen that the other strategy components are called by the combination mode components. The combination agent executes corresponding combination mode components according to the combination scheme described. 
Algorithm Reuse and Algorithm Customization Under the Framework
Most population-based optimization algorithms can be integrated into the framework. In this paper, an algorithm that adopts the same behavior in three dimensions is called a single-behavior algorithm. An algorithm that adopts different behaviors in any dimension is called a multi-behavior combination algorithm. Most existing algorithms can be classified as single-behavior algorithms or multi-behavior combination algorithms.
Both single-behavior and multi-behavior algorithms can be decomposed to extract the six types of technical unit operators if they have. For the multi-behavior combination algorithms, the combination modes adopted by the algorithms generally belong to the three basic combination modes. However, the combination strategy may be various. We predefined some combination strategies, which may also be extracted as components from the current multi-behavior algorithms and reused by the combination agent.
By analyzing the behaviors and the combination method of the existing algorithms, the operator components and the combination strategy components are extracted, and the existing algorithms can be recombined in the framework. More importantly, the new algorithm can be customized under the framework. 
Algorithm Reuse and Algorithm Customization under the Framework
By analyzing the behaviors and the combination method of the existing algorithms, the operator components and the combination strategy components are extracted, and the existing algorithms can be recombined in the framework. More importantly, the new algorithm can be customized under the framework.
Customizing an algorithm first requires the determination of the optimization idea of multi-behavior combination, selection of the corresponding operators, and the combination of related operators into multiple search agents. Then, the combination scheme is designed, including combination mode, combination strategy, grouping strategy, and some fixed parameters. Then, the algorithm can be executed by the framework. The algorithm of the framework is as Algorithm 2.
Algorithm 2. Algorithm of the framework.
Initialize the algorithm settings (population size, max evaluation number, boundary constraint). Construct the data structure of combination scheme. Construct the data structure of each search agent and generate search agent list. Initialize the population and evaluation by objective function. while (not satisfied the termination condition) execute combination agent acquire the combination mode according to combination scheme data structure. execute the corresponding combination mode component (Figure 3) . end combination agent record the best result end while
To demonstrate the working principle of this framework, we give the examples on introducing DE and its variants jDE [51] , SHADE [52] , and teaching-learning-based optimization algorithm (TLBO) [29] into the framework:
DE, jDE and SHADE
At first, the individual evolution operator, the parent individual selection operator, the population selection operator, and the parameter control operator can be extracted from the three algorithms as operator components. The DE and jDE has the same individual evolutionary operator: DE/rand/1 mutation strategy and the binomial crossover strategy. The individual evolution operator of the SHADE algorithm adopts the DE/current-to-pBest/1 mutation strategy and binomial cross strategy. The DE and jDE also have the same parent individual selection operator: random selection. The parent individual of SHADE has two types, one is the best parent individual, the other is the ordinary parent individual. The best parent individual selection operator adopts a random selection among the top p% individuals (sorted by fitness), and the ordinary parent individual selection operator adopts a random selection among population and failure individual archive. For the population selection operator, the three algorithms all use binary greedy selection. For the parameter control operator, DE uses the fixed value strategy, jDE and SHADE use adaptive parameter control strategies [51, 52] , which can be reused and are suitable to be extracted as operator components.
The three algorithms are all single-behavior algorithms. When using one of them, the related operator components can be selected and assembled into a search agent. For example, the SHADE algorithm has four operator components. The identifier (ID) of each component is specified in the AlInfo structure of the search agent. Algorithm 1 automatically calls the corresponding component for an iterative execution. The predefined execution order of operator components is: (1) execute the parameter components for the first call and generate the parameter value set, (2) execute the best parent individual selection component to generate the optimal parent individual set, (3) execute the ordinary parent individual selection component to generate other parent individual set, (4) execute the individual evolution component to generate the offspring, (5) execute the population selection component to generate the population of next generation, (6) execute the second call of the parameter control component to generate the parameter strategy model (needed by adaptive parameter control strategy), and (7) execute the algorithm evaluation component and generate algorithm evaluation model. If any step is not required, the component ID is set to 0, and the step is skipped. The search agent is called by the framework iteratively; thus, the SHADE algorithm can be supported by the framework.
Teaching-Learning-Based Optimization (TLBO)
TLBO algorithm is a multi-behavior combination algorithm. It contains two behaviors in the iteration level, one is teaching behavior and the other is learning behavior. It can be introduced into the framework by four steps: (1) extract operators for each behavior; (2) select the operator components and construct the search agent for each behavior with description in AlInfo of each search agent; and (3) define the combination method of the two behaviors and describe it in the data structure of the combination agent. For the TBLO algorithm, the combination mode is an iteration level combination. For this combination mode, it does not need to divide the population for the search agents. It only needs to assign individuals according to the GroupInfo of the search agent. The group of the two behaviors in the TLBO algorithm is the entire population which can be described by the GroupInfo. The multi-behavior combination strategy is a collaborative strategy, the search agents are executed in a predefined fixed order: one by one. (4) The framework executes the combination agent iteratively, and the combination agent calls the component for iteration level combination. The algorithm flow of the component for iteration level combination is showed in Figure 3b .
Most of the algorithms adopt one combination mode for multiple behavior and can be customized by simple settings under the framework. However, a few studies explore the more complex combination, which can be seen as a further combination of these three basic combination modes. The components of the framework can also be reused to construct complex multi-level combination algorithm; however, the combination agent may need some modification.
Economic Load Dispatch Model and Algorithm Customizing

The Model of Economic Load Dispatch Problem
Economic load dispatch is a typical optimization problem in power systems. The goal is to minimize fuel costs by rationally arranging the active power output of each generating unit in a power plant or power system on the premise of meeting system load demand and operational constraints.
Problem Definition
The objective function of the optimization problem is as follows:
where F is total fuel cost, Ng is the total number of online generating units of the system, P i is the power output (in MW) of ith generator, F i (P i ) is the cost function of the ith generator as Equation (12), if the valve point effect is considerd, F i (P i ) can be described as Equation (13).
where a i , b i , c i , e i , f i is the cost coefficients of the ith generator. In addition to the objective function, the problem needs to meet some constraints:
Generator Output Constraint
where P i min and P i max are lower and upper bounds for power output of the ith generator. where P D is the total system loads and P L is the total power loss in all transmission lines. P L can be obtained by B-coefficient method as Equation (16).
Power Balance Constraints
where B ij , B 0i , B 00 are coefficients of the power loss matrix.
Ramp Rate Limit Constraints
where P i t−1 is the previous power output, UR i and DR i are the up-ramp and down-ramp limit of the ith generator.
Prohibited Operating Zones Constraints
The generating units may have certain zones where operation is restricted. Consequently, the feasible operating zones are discontinuities as follows:
where n i is the total number of prohibited operating zones, P i,j pzl and P i,j pzu are the lower and upper limits of the jth prohibited zone for the ith generating unit respectively.
Customizing Multi-Behavior Combination Algorithm
The algorithm we customized for ELD problem is a multi-behavior combination algorithm. The behaviors come from the operator component library. At present, we only give small number of operators including some individual evolution operators (mainly DE algorithm operator and its invariants including mutation step and crossover step), some parent individual selection operators, some parameter control operators, and a population selection operator (just DE adopted) and its two constraint-based version with penalty functions method [45] and ε-constraint handling method [45] .
The ε-constraint handling method gives the constraints a relaxation scope, and if the constraint violation value of individuals are less than ε, the individuals are considered feasible. Then in the population selection operator (an operator of one-to-one choice between parent individual and offspring individual), two feasible individuals are compared and selected according to objective value, and in the other case, individuals are selected according to constraint violation degree. The ε is varied as follows [45] :
where ε(0) is the initial ε value, X θ is the top θth individual and θ = (0.05 × NP), v is constraint violation function. cp and T c are parameters, and T c is a specific generation in iteration.
For the multi-behavior algorithm, we give three behaviors which come from DE algorithm and its variants jDE [51] , SHADE [52] , etc. The three behaviors are constructed with the operators in the operator component library. The design for behaviors is showed in Table 3 . Behavior1 and behavior2 have the similar algorithms with difference in parameter control operator. Behavior2 and behavior3 have the similar parameter control operator with difference in algorithm operation. Behavior 1 is used for randomness and diversity. Behavior2 is a fitness improvement instructed search because its parameter control strategy tends to the parameter values which bring larger fitness improvement. Behavior 3 is an optimal individual set instructed search, and is used for gathering in the optimal regions. The combination method of the three behaviors is designed as Table 4 . Based on the combination method in Table 4 , the three behaviors are executed in a fixed order from behavior 1 to 3 for the iteration level, so the search process is a repeated local small loop from diversity exploration to exploitation. Table 3 . The multi-behavior design with operators.
Behavior
Operator Components Design Just like the example in Section 3.4, the three behaviors are organized as search agents. It only needs to describe the operator components designed in Table 3 with AlInfo of search agent, then the search agent can execute these components in order with one iteration. However, the execution manner of multiple search agents is determined by the design in Table 4 . The combination agent interprets the combination design and executes the search agents in a designed manner. The combination method is similar to the TLBO algorithm, but we have three behaviors. The behavior combination happens at the iteration level and the combination strategy is collaborative strategy which adopts the fixed execution manner: the three behaviors are executed one by one.
The algorithm of this paper is a general constrained optimization algorithm. The optimization objective is Equation (11) . X i = {P i,1 , P i,2 , . . . P i,Ng } is an individual vector, and is also a solution of the ELD problem, which means the power outputs of all the online generating units. In the current population-based intelligent optimization algorithm for solving ELD problems, the constraint processing can be divided into two categories. One is to process the individuals that violate the constraints and use the problem-specific knowledge to modify the individuals and satisfy the constraints as much as possible. However, because the constraints are more difficult to fully satisfy, the algorithm still needs to provide constraint processing technology. Another type of algorithm does not perform special processing, but only uses general constraint processing techniques. In this paper, the constraint of Equation (14) is processed as boundary. When the transmission loss is not considered, the equality constraint is simply processed according to Equation (15) by recomputing the power output of the last generating unit, and the other inequality constraints are not processed. When considering the transmission loss, the constraint relationship is complicated, and we do not make special treatment, the constraints are processed only through the ε-constraint handling method. The tolerance of the equality constraint is set as 10-4, which can be updated according to the problem. In order to facilitate the comparison, the algorithm proposed by this paper is named as multi-behavior combination differential evolution algorithm (MBC-DE).
Experiment and Discussion
In this section, the proposed algorithm and framework is applied in ELD problems. The ELD problem is a non-convex, nonlinear, discontinuous constrained optimization problem. The equality constraint involved is power balance constraint, inequality constraints are ramp rate limit constraints, and prohibited operating zones constraints. The valve point effect may or may not be considered in the objective function, and transmission losses may or may not be considered in the equality constraint. The transmission losses are calculated by B-coefficient method. We use four test system which varies with different difficulty levels. For each test case, 20 independent runs are performed and the results of the best, worst and mean fuel costs are recorded and compared with other algorithms. Each behavior of the multi-behavior algorithm is tested independently in order to analyze the effects of the multi-behavior combination. The three single-behavior algorithms are named as Behavior1~Behavior3. The population size is set as 50 for all cases, and the max iteration is 2000 generation.
(1) Test Case 1: Test case 1 is a small system. The system is comprising six generators, and the ramp rate limit, prohibited operating zone and transmission losses are all considered without valve point loading effect. The system data is from [2, 3] . The load demand is 1263 MW. Table 5 gives the best output for this case, it can be seen that the equality constraint accuracy is less than 10-4, and all the inequality constraints are satisfied (see the system data in [2] ). Table 6 give the comparison between single behavior and multi-behavior algorithm. Among the three behaviors, Behavior3 performs best, and MBC-DE inherits its characteristics and obtains a smaller standard deviation. Table 7 give the comparison between MBC-DE and other algorithms. From the data in the table, the algorithm MBC-DE goes beyond some algorithms, but there are also some algorithms that are better than MBC-DE. In test case 1, MBC-DE falls into a local extremum. The three sub-algorithms of MBC-DE are all differential evolution and the search trajectory is similar. No behavior can help MBC-DE to jump out of this local extremum. This also give us the confidence on algorithm combination research by introducing new algorithm or algorithm components into the framework, to enrich the algorithm behaviors. (2) Test Case 2: Test case 2 is a 15 units system. The ramp rate limit and transmission losses are considered. There are 4 generators having prohibited operating zone. The valve point loading effect is neglected. The system data is also from [2, 3] . The load demand of the system is 2630MW. Table 8 gives the best output of MBC-DE for this case, it can be seen that the equality constraint accuracy is also less than 10-4, and all the inequality constraints are satisfied (see the system data in [2] ). Table 9 give the comparison between single behavior and multi-behavior algorithm. Among the three behaviors, Behavior3 still performs best, and MBC-DE is better than Behavior3 in mean and worst value. We believe this is due to the combination of multiple behavior, although Behavior2 and 1 is worse than Behavior3. Table 10 shows the comparison between MBC-DE and other algorithms.
The data in the table shows that the algorithm we proposed achieved better results than others in case 2. (3) Test Case 3: test case 3 is a 40 units system with valve point effect being considered. The ramp rate limit and transmission losses are neglected. The load demand is 10,500 MW. The system data is from [4] . Table 11 gives the best output of MBC-DE for this case; it can be seen that the equality constraint is satisfied. Table 12 give the comparison between single behavior and multi-behavior algorithm. Among the three behaviors, Behavior1 and Behavior2 all performs well, and MBC-DE is better than them. We think the Behavior3 act as the supporting role, although it works poorly on its own. Table 13 give the comparison between MBC-DE and other algorithms. The data in the table show that the algorithm we proposed achieved better results. For the best value, MBC-DE is better than others, but for the mean value, MDE and DE/BBO are better. (4) Test Case 4: test case 4 is a large-scale power system with 140 generators. The valve point effect is considered. The ramp rate limit and transmission losses are neglected. The load demand is 49,342 MW. The system data is from [59] . Table 14 gives the best output of MBC-DE for this case; and the equality constraint is satisfied. Table 15 give the comparison between single behavior and multi-behavior algorithm. Among the three behaviors, Behavior3 has the best result and the worst result, this means that the algorithm has large fluctuations and instability. MBC-DE has improved in both the optimal value and stability which represents the effect of algorithm combination. Table 16 gives the comparison between MBC-DE and other algorithms. The data in the table show that the algorithm we proposed achieved better results. Implementing the algorithm in the form of a framework maybe lose some efficiency. The reason is that in order to achieve generality and easy assemblage, various technical units need to be designed as components which can be implemented as functions in Matlab, and thus the overhead of function call is generated. This gap can be reduced through programming technology. In fact, the running time of the algorithm is less than 30s with Matlab R2018a environment on a 1.99 GHz, 16 GB RAM Notebook computer. The time is feasible for some online systems. If the system has strict real-time requirements, the framework can also be used as a debugging tool to determine the algorithm. Then, code refactoring can be performed. The algorithm we proposed is not restricted by the constraint form and has a certain versatility.
Conclusions
Through the experiments in this paper, we can see that the performance of the population-based intelligent optimization algorithm can be improved by appropriate multi-behavior combination. A behavior has specific search trajectory, so it is easy to trap into the same local extremum. Multiple behaviors have different search trajectories, and can lead to more diversity, so the combination of multiple behaviors is more likely to be suitable for complex optimization problems. The ELD Problem has a complex solution space caused by multiple constraints, the algorithms are prone to trap into the local extremum. From the related research, it can be seen that different algorithms are gradually improving the optimization results, which also shows that the previous algorithm has fallen into the local extremum. Therefore, combining the search characteristics of different algorithms makes it possible to obtain good results. The algorithm in this paper is a combination of three DE variants. From the test results, the proposed algorithm with multiple behaviors is better than the single behavior used by the algorithm. However, the sub-algorithms all belong to the DE algorithm, thus, their search trajectories are similar, the algorithm results are improved only a little, and some studies have yielded better values. This makes us more convinced of the significance of implementing a multi-behavior combination framework. With more candidate behaviors, the algorithm may be improved further. Therefore, our follow-up work is to introduce more algorithms into the framework to enrich the candidate behaviors. Another research opportunity involves improving the multi-behavior combination strategy.
Multi-behavior combination is an important research idea of current intelligent optimization algorithms. This article hopes to introduce this idea into practical applications. Different from the traditional research, the focus of this paper is to realize the idea as a general framework. Various algorithm components can be extracted from the all kinds algorithm and introduced into the framework. By performing behavior design and the combination method design, the new algorithm can be assembled. It brings convenience to the customization of new algorithms and to algorithm combination research more generally. Although the algorithm is tailored to solve the ELD problem, it is obvious that the framework can apply to other practical problems with simple customization.
